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Why deformable manipulation? Environments

e Autonomous deformable manipulation is important for versatile
robots performing household activities
o Cloth folding
o (Cooking
o Bed covering
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e However, it has many challenges a) Straighten Rope b) Fold Cloth along Edge
o Reduced observability and controllability
m High-dimensional configuration space : \
m Complex object dynamics [ | | | | - Q

o Self-occlusion

Our Method (DMfD)

c) Fold Cloth Diagonal (pinned) d) Fold Cloth Diagonal (unpinned)

Rollouts of DMfD in solving manipulation tasks from SoftGym, such as
straightening 1D ropes and folding 2D cloths, with image inputs.
Additionally, we introduce the Cloth Fold Diagonal tasks.
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